Abstract. We release two datasets that track the enhanced landsliding induced by the 2008 Mw 7.9 Wenchuan earthquake over a portion of the Longmen mountains, at the eastern margin of the Tibetan plateau (Sichuan, China). The first dataset is a geo- ,000   km 2 ), together with information on their triggering rainfall as recorded by a network of rain gauges. For some well-monitored events, we provide more detailed data on rainfall, discharge, flow depth and density. The datasets can be used to analyse, at various scales, the patterns of landsliding caused by the earthquake. They can be compared to inventories of landslides triggered by past or new earthquakes or by other triggers to reveal common or distinctive controlling factors. To our knowledge, 20 no other inventories that track the temporal evolution of earthquake-induced mass wasting have been made freely available thus far. Our datasets can be accessed from https://doi.org/10.5281/zenodo.1405489. We also encourage other researchers to share their datasets to facilitate research on post-seismic geological hazards.
Introduction

Earthquake-induced enhanced landsliding 25
Large earthquakes cause major disturbances to the patterns of erosion and sediment export from mountain belts (e.g., Keefer, 1994; Dadson et al., 2004; Hovius et al., 2011; Parker et al., 2011; Huang and Fan, 2013; Li et al., 2017) . Thousands of landslides can be triggered by seismic shaking. These coseismic landslides generate large amounts of debris, part of which will reach large streams and form landslide-dammed lakes that impound large volumes of water and sediments (Fan et al., 2012 (Fan et al., , 2017b Tang et al., 2018) . More debris will deposit, with marginal stability, high on the slopes and in low-order channels 30 (Meunier et al., 2008; Gorum et al., 2011; Kargel et al., 2016; Fan et al., 2018a Fan et al., , 2018b ). It will be remobilised easily by minor storms (Dadson et al., 2004; Lin et al., 2006; Huang and Fan, 2013; Fan et al., 2018b) and generate large flow-like landslides (Xu et al., 2012; Hu et al. 2017 Hu et al. , 2018a Hu et al. , 2018b Hu et al. , 2018c . The earthquake-induced enhanced weakening and weathering of rock and soil masses also will cause delayed slope failures and sustain high erosion rates for a long time (Koi et al., 2008; Parker et al., 2015; Fan et al., 2017a Fan et al., , 2018d Scaringi et al., 2018) . These processes are a major source of hazard to the population and 5 the infrastructure. Earthquake-triggered chains of geohazards are major contributors to the tolls of damage and fatalities and to the costs of reconstruction and recovery of the socioeconomic fabric after large earthquakes (Huang and Fan, 2013; Wang et al., 2014) .
Observations on the evolution of mass wasting after recent major earthquakes reveal a peak of landslide rates (remobilisations of coseismic landslide deposits and post-seismic landslides) soon after the earthquakes, followed by decay 10 and normalisation within less than a decade (Fan et al., 2018a; Hovius et al., 2011; Zhang et al., 2016; Zhang and Zhang, 2017) . The reasons for this normalisation, which seems quicker than that of the sediment export by non-landslide processes (Ding et al., 2014; Wang et al., 2015 Wang et al., , 2017 , are still poorly understood. Various processes, such as the progressive depletion of the debris, grain coarsening and densification, restoration of the vegetation cover and bedrock healing have been shown to play a role (e.g., Shieh et al., 2009; Zhang et al., 2014; Hu et al., 2018c; Yang et al., 2018) . Analyses of complete 15 inventories that track the decay of landslide rates, together with laboratory and field-scale investigations and physically-based models, can certainly provide further insights.
Multi-temporal inventorying of landslides
Landslide mapping and inventorying at various scales are fundamental tools to investigate the spatial and temporal patterns of mass movements quantitatively, obtain insight on their failure-runout mechanisms and damage, and reveal topographic, 20 seismic, geological, hydrological, climatic, biological and anthropogenic preconditions and causal factors to their distribution and fate (e.g., Guzzetti et al., 2002 Guzzetti et al., , 2009 Guzzetti et al., , 2012 Corominas et al., 2008; Galli et al., 2008; Harp et al., 2011; Parker et al., 2015; Gariano and Guzzetti, 2016; Broeckx et al., 2018) . Coseismic landslide inventories are compiled after major events with increasing quality and completeness (Keefer, 2002; Schmitt et al., 2017; Tanyas et al., 2017) . They are fundamental for assessing the extent of the earthquake-affected areas and drive the post-earthquake emergency response, as they are the basis 25 for susceptibility, hazard and risk analyses. Additionally, they can help reconstruct earthquake mechanisms (Gorum et al., 2011; Fan et al., 2018c) . For instance, studies by Keefer (1984) and Rodriguez et al. (1999) first related the spread of landslides from the seismogenic fault to the earthquake magnitude. Besides, complete and detailed inventories are necessary to evaluate the landscape response to earthquakes quantitatively, and to calibrate descriptive and predictive models effectively (Xu et al., 2014; Marc et al., 2016a Marc et al., , 2016b Marc et al., , 2017 . Many coseismic landslide inventories have been released, 30 and some of them were collected in a freely accessible repository by Schmitt et al. (2017) . We believe that this important step will promote standardisation of data collection and presentation, and facilitate meta-analyses and modelling efforts greatly.
Several inventories were compiled for the Wenchuan earthquake-affected area (Gorum et al., 2011; Dai et al., 2011; Xu et al., 2014; Li et al., 2014; Tang et al., 2016) . Landslides were mapped either as points (identifying the landslide scar) or polygons, with different degrees of accuracy (see Tang et al., 2016) , and with or without distinction between landslide types (slides, flows, etc). Both accuracy and representation (as points or polygons) have direct implications for the analysis of landslide sizefrequency distributions and hazard and risk assessments, as well as for the analysis of controlling factors. Additionally, the 5 distinction between different types of landslides allows for dedicated analyses of distinctive controlling factors and characteristics.
Landslide inventories that include several temporal scenes before and after earthquakes are much less common. In fact, the interest around the temporal evolution of landsliding after major earthquakes has increased greatly in the past decades, particularly after the 1999 Mw 7.7 Chi-Chi and 2008 Mw 7.9 Wenchuan earthquakes (Dadson et al., 2004; Fan et al., 2018a Fan et al., , 10 2018b Hovius et al., 2011; Tang et al., 2016; Yang et al., 2016 Yang et al., , 2018 Zhang et al., 2016; Zhang and Zhang, 2017) and has the potential to answer various research questions concerning, for instance, erosional patterns and morphological signatures in seismically active mountain ranges. Research has been facilitated by the increased availability of repeated and high-resolution remote sensing images (Fan et al., 2018b) , and by near real-time monitoring networks (Huang et al., 2015) .
However, to our knowledge, none of the multi-temporal inventories of post-seismic landslides compiled so far have been 15 released to open repositories. With this paper and the related datasets, we wish to share our mapping work and monitoring data to facilitate further analyses and meta-analyses by the research community. We also wish to encourage other researchers to publish their data, with the aim of building a collection of datasets that will help advance the knowledge in the field.
Study area
Our datasets cover portions of the region affected by the Mw 7.9 Wenchuan earthquake at various levels of detail ( Figure  20 1). The earthquake hit the Longmen mountains (Longmenshan) in west Sichuan, China, at the eastern margin of the Tibetan plateau on May 12 th , 2008, with a fault rupture that propagated from the epicentre along the range for about 240 km (Gorum et al., 2011; Huang and Fan, 2013; Fan et al, 2018b) . Details on the tectonic setting of the Longmenshan and on the Wenchuan earthquake mechanisms, as well as geological and geomorphological characterisations of the region, can be found in several earlier works (Qi et al., 2010; Dai et al., 2011; Gorum et al., 2011) to which the reader is referred for further information. 25
According to a recent inventory (Xu et al., 2014) , the Wenchuan earthquake triggered almost 200,000 coseismic landslides over a region larger than 110,000 km 2 . The total landslide area was estimated in about 1,160 km 2 (Xu et al., 2014) , and the total landslide volume in the order of several km 3 (Parker et al., 2011; Li et al., 2014; Xu et al., 2014 Xu et al., , 2016 . Rain-induced post-seismic failures of deposits of coseismic debris, often evolving into catastrophic debris flows and floods, have been occurring frequently after the earthquake (Tang et al., 2009 (Tang et al., , 2012 Xu et al., 2012; Guo et al., 2016 Guo et al., , 30 2017 
Inventory of landslides 5
Our multi-temporal inventory of pre-and coseismic landslides, post-seismic remobilisations and new failures covers a significant portion of the earthquake's epicentral area. It is the largest area affected by the Wenchuan earthquake that has been covered by a detailed multi-temporal landslide inventory thus far (Fan et al., 2018a) . The area comprises 42 catchments over 471 km 2 from the town of Yingxiu (the epicentre) to the town of Wenchuan (Figure 1b) . It has been affected by coseismic landslides with a total volume in the range 0.8-1.5 billion m 3 , as estimated through a set of first-order empirical area-volume 10 scaling relationships (Parker et al., 2011; Xu et al., 2016) . The reader is referred to Fan et al. (2018c) for a discussion on the reliability and uncertainties arising from the use of empirical area-volume relationships for the estimation of coseismic landslide volumes.
The region that we investigated has rugged mountains with elevations that rise rapidly from 420 m a.s.l. in the main river valley to over 4,000 m a.s.l. of some mountain ridges. The slopes are generally steep, with more than half of them steeper than 36º. Two of the main faults of the Longmenshan, the Wenchuan-Maowen and the Yingxiu-Beichuan faults (e.g., Qi et al., 2010) , delimit this study area. Beneath a dense vegetation and a variably-thick soil cover lie weathered and highly fractured rocks, mostly igneous (granite, diorite), though metamorphic and sedimentary rocks (schist, shale, sandstone, limestone) are 5 also present, as well as recent Quaternary deposits. The climate is subtropical, affected by the monsoonal circulation, with 13 ºC of mean annual temperature and >1,250 mm/year of precipitation which mostly occurs in the summer months. The Min river (Minjiang), a tributary of the Yangtze river in its upper course, crosses the region through Wenchuan and Yingxiu and discharges, in average throughout the year, 452 m 3 /s of water .
Inventory of debris flows and their triggering rainfalls 10
The dataset of debris flows and their triggering rainfalls covers 16,959 km 2 , from the epicentre (near the town of Yingxiu) to the edge of the thrust-dominated portion of the seismogenic fault rupture (near the town of Beichuan). In this region, 527 debris flows affecting 244 catchments were identified. These catchments cover altogether about 1,581 km 2 (Figure 1c ), and spread along 177 km out of the 246 km of the fault surface rupture.
The study area is mountainous with elevations from 420 m a.s.l. in the river valley up to almost 6,100 m a.s.l. on the ridges 15 of the Hengduan mountains. A general northeast to southwest orientation is shown by the geological structures and the strike of the rock strata, and the bedrock outcrops are highly fractured and weathered. Most of the low-order channels are deeply cut and the slopes are steep, with a morphology that is strongly controlled by the high tectonic activity (Guo et al., 2016) . The climate is generally monsoon-influenced, with precipitation concentrated in the summer months. However large variability exists within this larger region, with the central and southern parts receiving annual precipitations exceeding 1,200 mm and 20 easily reaching 2,000 mm, and the western part being drier and receiving less than 800 mm/year of precipitation (Guo et al., 2016) .
The complex geology and the patterns of precipitation (with frequent but localised rainstorms that can deliver hundreds of mm of rain in each event) make the area highly prone to the occurrence of debris flows. About 250 debris flows were recorded in the decades preceding the Wenchuan earthquake (Cui et al., 2008) , and hundreds more were triggered after the earthquake, 25 affecting more than 800 streams within the first two years (Cui et al., 2011) . The characteristics of the rain events that triggered debris flows changed abruptly upon the earthquake, with triggering rainfall intensity and duration that dropped significantly, and subsequently exhibited a pattern of gradual recovery over a decadal time scale (e.g., Yu et al., 2014; Guo et al., 2016 Guo et al., , 2017 .
Data and methods
Here we provide details of the source data and the preparation of our inventories. We also include some figures and tables that illustrate the contents of the inventories and some simple analyses.
3.1 Multi-temporal inventory of landslides 3.1.1 Imagery, mapping technique, attributes 5 We compiled the inventory through visual interpretation (following Harp et al., 2011) of high-resolution aerial and satellite images (Spot 5, Spot 6, Worldview 2, Pleiades). In total, eight sets of images were acquired, covering the period from 2005 to 2018 (Table 1) . We selected these scenes according to the availability, date of acquisition, coverage, absence of clouds and resolution. With respect to the targeted study region, the areal coverage of the images is close to 99% in 2007, 2011 and 2015, 97% in 2008, 95% in 2013, and 93% in 2005, 2017 The landslide areas were differentiated into three types: slides, debris flows and channel deposits. Slides were mapped as such as if preferential movement paths could not be identified in their debris-covered deposition areas. This type comprises 20 debris and rock slides and debris and rock falls (see Hungr et al., 2014 , for the definitions of the landslide types). This simplification derives from a lack of discernibility, in the remote sensing images, between these types of movement and their combinations. Differently, debris flows exhibited a finer material texture along a preferential movement path. They were found along the hillslopes (hillslope debris flows) and into small channels (channelised debris flows). Large amounts of accumulated debris were also found in main channels. The source area of these materials is not known as they come from multiple debris 25 flows and slides located upstream, and in many cases clear remobilisations could not be identified. Therefore, these deposits were mapped as channel deposits. They are very important source areas for subsequent debris flows initiated by runoff erosion during intense storms. Some examples of landslide types are given in Figure 4 .
It is worth noting that, differently from earlier works (Tang et al. 2016; Yang et al. 2016; Zhang et al. 2016) , we quantified changes of the level of activity based on the actual polygon-mapping of the remobilised areas ( Figure 5 ), discriminated between 30 different types of landslides and their location and investigated a much larger and more representative area. Nevertheless, for ease of visualisation and comparison of some results (see Figure 3 and Figure 6 ), we defined four levels of activity to classify the landslide remobilisations, following Tang et al. (2016) . A level of activity A1 was assigned if less than 1/3 of the coseismic or post-seismic landslide area displayed signs of remobilisation; a level A2 was assigned if the remobilisation involved between 1/3 and 2/3 of the area; a level A3 was assigned if the remobilisation involved more than 2/3 of the area. Finally, a level A0 was assigned if no remobilisations were identified (i.e. the landslide was dormant or its movement was too slow to produce 5 changes that could be seen from the available imagery). Table 1 . Reference images used to map the landslides, acquisition date and attributes of each layer contained in the dataset. An additional shape file is provided to define the catchment boundaries and have a simple characterisation (CID: catchment identifier, catchment name and county, gradient and internal relief, drainage density and channel length). 
Uncertainties
The processes of manual mapping and discernment of landslide boundaries and types are obviously affected by unavoidable uncertainties due to stochastic errors and systematic biases, such as the variable quality of the remote sensing 5 images, and the variable experience of the mappers. Nevertheless, we still preferred this approach because, on the other hand, semi-automatic and automatic methods of landslide identification do not necessarily offer better performances, and can even lead to larger uncertainties when applied to very high resolution images (van Westen et al., 2006; Guzzetti et al., 2012; Pawłuszek et al., 2017) . Moreover, some semi-automatic techniques still need visual interpretation over a significant test area for calibration (e.g., Đurić et al., 2017) , and automatic methods may require a combination of images of different portions of the spectrum, or of satellite and aerial images, that should be acquired within a narrow time window to be significant for a multi-temporal inventorying of fast evolving features. Such techniques are not necessarily less time consuming than the manual 5 interpretation (Santangelo et al., 2015) .
Our mapping was carried out by five mappers who worked on distinct areas with the same set of pre-agreed rules for the identification of the landslides and their types (see also Fan et al., 2018a) . The mappers worked in close contact, interacting and discussing non-easily discernible cases. Nonetheless, we evaluated the individual performances of the mappers to make an estimation of the mapping uncertainties and their propagation into further analyses. We selected a test area (a portion of a 10 catchment), on which accurate mapping had been performed for one scene (2011), which was verified and improved during field investigation. We assumed the landslide inventory for this test area to be good enough to consider the uncertainties negligible, and we used it as a reference. We asked each mapper to produce, independently, an inventory of the same area, which we compared to the reference inventory ( Figure 7) . We evaluated the matching degree between each mapper's inventory and the reference inventory, Mn, which we defined as follows: 15
where An is the landslide area delineated by the n-th mapper, Ar is the respective area of the reference inventory, and ⋂ is the intersection of the two areas, i.e. the portion in which they match. We then calculated the average matching degree of the team as follows:
where N is the number of mappers in the team. A matching degree 0.67 ≤ M ≤ 0.86 was evaluated in the test area. In average, the landslide areas matched with those of the reference inventory by 76%, and an average mapping uncertainty of ±19% in terms of total landslide area was calculated. If this same value of uncertainty is assumed for the entire study area, this will be a conservative estimate, as the uncertainties will tend to decrease with the landslide areas increasing, and the test area consisted mostly of small landslides. We believe that this uncertainty can be acceptable when performing regional scale analyses, as it 25 can be demonstrated that it does not affect the patterns of frequency-size distributions or potential controlling factors significantly (Fan et al., 2018a) . Table 2 . Note that some of these numbers differ from those published by Fan et al. (2018a) for the period until 2015, even though they referred to the same study area, because the inventory has been refined and improved since then.
The number of coseismic deposits that were remobilised in each period, the area affected by the remobilisation, the number 15 and areas of new failure (i.e. the post-seismic landslides) decreased significantly over time (Table 3 ). The coseismic landslides covered 124 km 2 ; only 37 km 2 had some activity (A1-A3) in 2011, while only 14 km 2 were active in 2013, 6 km 2 in 2015, 0.27 km 2 in 2017 and 0.34 km 2 in 2018. Furthermore, the degree of activity of the coseismic deposits rapidly decreased and, with time, the number and areas of active slides decayed faster than that of debris flows. A great number of remobilisations in the form of debris flows were identified within the first three years after the earthquake (2008 ( ). Then (2013 , the number of debris flows decreased considerably, although a large amount of coseismic material was still present on the hillslopes (Fan et al., 2018a) . This suggests that the effects of the earthquake on landslide rates might be shorter than what initially expected (Huang and Fan, 2013) . Some ongoing studies suggest that the changing properties of the coseismic deposits, 5 such as in terms of grain size distribution, relative density, hydraulic conductivity, might play a key role.
The frequency-size distribution analysis (e.g., Malamud et al., 2004) carried out with the dataset (Figure 8) ). The shifting of the roll over point towards higher landslide areas over time might indicate that the minimum sampling size (Malamud et al., 2004; Guzzetti et al., 2002) or the minimum area that can fail due to physical reasons ) is increasing over time. 
Comparison with existing inventories
Approaches to compare landslide inventory maps can entail direct or indirect comparisons (Gorum et al., 2011) . The former evaluate the degree of cartographic matching between two maps through a pair-wise comparison (e.g., Galli et al., 2008) , while the latter correlate the inventories through the landslide densities (e.g., Guzzetti et al., 2000) , frequency-area statistics (e.g., Galli et al., 2008) Tang et al. (2016) . Notice that this matching degree is comparable to those obtained between the different mappers that produced our inventory. Through visual comparison, we can see that Dai et al. (2011) identified less landslides in our study area than we did. This might be partly explained by the lower aerial coverage of the images they used, compared to those we used. The images used by Xu et al. (2014) had comparable coverage with those we used. They identified a similar number 10 of landslides in our study area. The mismatch with our inventory could be due to different criteria used in mapping. The matching degree has also been calculated for the other inventories. In such case, the variability is smaller as it ranges from 0.33 to 0.44, being Tang In order to verify the spatial variability of the matching degree, we repeated the analysis at catchment scale, as reported in Table 4 . The missing data for Tang et al. (2016) refer to those catchments that were not covered by their inventory. The results show that our inventory and that of Tang et al. (2016) Xu et al. (2014) inventories occur in correspondence to larger landslide areas than in our inventory and that of Tang et al. (2016) . This can be in part explained by the predominantly small size of the landslides in our study area compared to those of other portions of the earthquake-affected region, and in part by a possible systematic undersampling of small landslides in Dai et al. (2011) and Xu 30 et al. (2014) . Undersampling seems particularly striking in Dai et al. (2011) when the same mapped area is used as the base of comparison (Figure 10b ). To a lesser extent, it can be seen also in Xu et al. (2011) for small landslide areas (less than a few hundred m 2 ). Our inventory and that of Tang et al. (2016) seem to suffer of undersampling with the same (possibly minimal) extent. Note also that Dai et al. (2011) show oversampling for large landslide areas, which might signal some systematic amalgamation of smaller landslide polygons. For further comparison, we estimated the volume of the coseismic landslides through a set of empirical area-volume scaling relationships from the literature (Guzzetti et al., 2009; Larsen et al., 2010; Parker et al., 2011; Xu et al., 2016) . These relationships provide a quick, first-order estimation of the landslide volumes from the mapped landslide areas. They were calibrated by their authors in different ways (i.e. using landslide depths measured in the field or differential DEM techniques 5 on datasets of different sizes). Guzzetti et al. (2009) The total landslide volume is, obviously, the sum of the individually computed landslide volumes. As noted by Parker et al. (2011) , if the inventory includes amalgamated landslide polygons, there will be a systematic overestimation of the total 20 volume. For our mapping we are confident, also in the light of the comparisons presented in Figure 10 , that the incidence of amalgamation is limited, as the polygon-based mapping was performed by visual interpretation with field-checking on highresolution images, rather than by semi-automatic mapping techniques, which have been shown to be more susceptible to this kind of mapping error (e.g. Marc and Hovius, 2005) . The results of the calculations using the various empirical relations applied to the landslide polygons (total areas of landslide, without differentiation between source, track and deposition areas) 25 mapped in various inventories are reported in Table 5 , with reference to the region that is covered by all the inventories (which corresponds to the region mapped by Tang et al., 2016) . Note that the relationship by Larsen et al. (2010) consistently yields the smallest volumes for all the inventories, while the largest volumes are obtained either through Guzzetti et al. (2009 ) or Xu et al. (2016 relationships, depending on the inventory. Also note that, in the given study area, depending on the inventory map and the scaling relationship, volumes in a wide range (174-630 x 10 6 m 3 ) can be estimated, to which the uncertainties on the 30 scaling parameters and on the landslide boundaries also should be added. If the former are considered (in the form of ±1σ, see Table 5 ), the volume range will span over one order of magnitude (92-1153 x 10 6 m 3 ). Quantifying the latter is more difficult, but has been attempted for our inventory (see Section 3.1.2, Figure 7 , and Fan et al., 2018a). The structure of the dataset is summarised in Table 6 . The dataset contains information on the locations, date and time of occurrence of debris flows, and on the rainfalls that triggered them. We included data not only for catastrophic and well-studied events (e.g., Tang et al., 2012; Xu et al., 2012) , but also for smaller events that did not cause fatalities or heavy damage to the population and the infrastructure, but had sufficient runout to approach or reach the catchment outlet. The material of these 15 events can come from different slides, hillslope and channelized debris flows and, mainly, from the existing channel deposits material, all of them presented in the multi-temporal inventory of landslides (Sections 2.1 and 3.1). We used a 25-m resolution digital elevation model, provided by the Sichuan Bureau of Surveying and Mapping, to define the catchment boundaries. The rainfall data were obtained from the Meteorological Administration of China, from the Meteorological Bureau of Sichuan Province, from the bureau of land and resources of Chengdu and from the WebGIS monitoring network of the State Key 20 Laboratory of Geohazard Prevention and Geoenvironment Protection (SKLGP, Chengdu, China; see Huang et al., 2015) .
These data were all recorded by automatic rain gauges.
We verified most of the debris flows included in the dataset by reviewing 76 published works (see file named "References of data sources" in the repository). For the largest and most catastrophic events, we performed field investigations and interviews to the local residents with a minimum of two surveyors. There is no fixed period of the year during which field 25 inspections were carried out, as they mostly followed the occurrence of strong rainfalls. We also collected information from the monitoring system that the SKLGP implemented in some catchments (see Figure 1) . The debris flows were georeferenced through the latitude and longitude of the outlet of the catchment in which they occurred. Information on the rainfall that triggered each debris flow is provided for the rain gauges located in closest proximity to them (< 5 km). In case no rain gauges were actively recording within this distance, data from the closest rain gauge are provided. There are 391 of 527 debris flowaffected catchments with rain gauges within 5 km from the locations of the catchment outlets. We chose to provide rainfall data with the highest resolution available (in most cases hourly rainfall, in some cases 10-minutes rainfall) for a time window starting from one week before until one day after the debris flow event. The choice of this window should allow for the 5 inclusion of the significant antecedent rainfall in our setting that can be used for further analyses of the triggering conditions of the debris flows. If the reader requires them, rainfall series with wider time windows can be obtained from the authors upon request.
For one catchment (Er catchment; No. 1 in Figure 1b ; Table 7 ; Cui et al., 2018), we release data series of rainfall intensity, flow discharge, density and height. The Er catchment is administratively part of Yingxiu township and covers 39.4 km 2 with 10 a channel length of 11.5 km. The Ergou River flows within the catchment, which is a tributary of the Minjiang River. The headwater elevation of the catchments is 4,120 m a.s.l. and the outlet is located at 990 m a.s.l. Rainfall intensity was obtained through rain gauges with 0.5-mm tipping buckets. Flow discharge was calculated as the product of the cross-sectional mean velocity and the cross-sectional area of the flow. The latter was calculated from the depth, obtained from the data measured by the ultrasonic stage meter, in combination with the detailed geometry of each section. The surface velocity of the flow was 15 measured using automatic radar speed indicators and compared with video images (Yan et al., 2016) . As flow velocity varies with depth, the relationship obtained by Takahashi (1991) was used. Flow depths were measured using ultrasonic stage meters TSS908, Beijing Guda instrument Co., Ltd.), with 1-min recording frequency, 0-30 m measurement range and ±10 mm error.
For additional information, the reader is referred to Cui et al. (2018) . For other well-monitored catchments (No. 2, 3 and 4 in Figure 1b ), we release rainfall data for three important debris flow events (see Section 3.2.3, below), while full data series are 20 available from the authors upon request. Time_24h_: time at which the debris flow occurred (24 h); T_Comment: specifications on the time of occurrence of the debris flow (initiation, deposition or range of days); Source_vol: available material during the initiation of the debris flow (m 3 ); Depo_vol: volume of debris flow deposited at the fan area (m 3 ); List_of_RG: list of rain gauges (identifier) located in proximity to the debris flow event that were actively recording throughout the time window of interest for that debris flow; Monitoring: specifies if additional monitoring data are available for that event (Y: yes; N: no); Number of Dams: specifies the number of dams built in each catchment as mitigation measures; References: source of each debris flow event. * one folder for each debris flow event being "X" the debris flow event identifier (DF_ID). Each folder contains the rain gauges located within a distance of 5 km for a given event. "A" indicates the relative position of each rain gauge from the debris flow event in ascending order; "B" refers to the rain gauge identifier (RG_ID); C, D and E indicate the year, month and day of the debris flow event, respectively, and F refers to the starting time of the rain. Rain is expressed in mm. Each spreadsheet provides data from 7 days before to one day after the date associated with the debris flow event (DF_ID). Full data series are available, from the authors upon request, for further analysis. 
Uncertainties
Especially for minor debris flows, the time of debris flow occurrence may be uncertain, especially in those locations that lack proper instrumentation or eyewitnesses. Moreover, ambiguities in the definition of this time, as the debris flow has a finite duration, may occur. In this work, the time refers to the arrival of the flow at the outlet of the catchment, unless otherwise 5 stated.
Rainfall recordings from rain gauges located within or near a catchment in which a debris flow developed are not equally representative of the rainfall that actually triggered the debris flow and permitted its runout. In our dataset we decided to be inclusive by using a wide buffer around the event location, not to discard some data series that may be useful for analyses of rainfall variability at local scale and to perform interpolations. However, it is worth reminding that the spatio-temporal patterns 10 of rainfalls in mountainous areas can be extremely inhomogeneous (e.g., Nikolopoulos et al., 2014) . Significant variations may exist even within the same catchment, over distances of a few km or even just a few hundreds of metres (e.g., Smith et al., 2003; Panziera et al., 2011) , in dependence, for instance, on the variability of the elevation, slope and aspect of the area, in combination with the local pattern of wind at the time of the rain event. Moreover, rain gauges are usually installed in valleys and channels, while debris flows originate high on the slopes (Stoffel et al., 2011) , which can generate a systematic bias. The uncertainties that derive from imperfect choices of the representative rain gauge(s) for a debris flow event have been shown to 5 lead to large underestimations of the debris flow-triggering thresholds and to strongly limit the performance of warning systems (Nikolopoulos et al., 2014; Guo et al., 2016 Guo et al., , 2017 . Therefore, these uncertainties should be carefully estimated and minimised with appropriate strategies whenever possible. Various studies, for instance, suggested the use of weather radar and satellitebased rainfall estimates to assess the representative rainfalls for debris flows Rossi et al., 2012) , but the literature featuring methods to address the issue of rainfall variability systematically is still poor (Guzzetti et al., 2007; 10 Jakob et al., 2012) .
Descriptive statistics
The dataset contains information about 527 debris flows which occurred in 244 catchments, and rainfall data from 91 rain gauges. Most of the debris flows occurred during the summertime heavy rainfalls of 2008, 2010 and 2013, particularly in the counties of Wenchuan and Beichuan (Table 8) . 15
In Figure 11 , examples of rainfall data series are reported for well-monitored debris flow events in Qingping, Hongchun and Er catchments (see Table 7 ). In Figures 12 and 13 , the well-monitored debris flow event in Er catchment is shown (photographs, rainfall data, flow discharge, height and density). 
Data availability 5
The datasets are freely downloadable from https://doi.org/10.5281/zenodo.1405489 (Domènech et al., 2018) . In addition to the data, the repository contains supplementary material (metadata files) that clarify the structures of the datasets, and a reference list for the data sources.
Summary
We presented a multi-temporal inventory of landslides in a portion of the area affected by the 2008 Wenchuan earthquake covering the period from 2005 to 2018 and an inventory of debris flows and their triggering rainfalls over a larger area covering the period from 2008 to 2017. The two datasets, which are freely available, can provide an insight into the spatial and temporal patterns of the enhanced mass wasting caused by a strong earthquake. We encourage other researchers to follow our example 5 by sharing analogous datasets, to build an open collection of data and facilitate meta-analyses among multi-temporal datasets of mass wasting induced by earthquakes or other triggers.
Author contributions
XF designed the work, together with GD and GS; GS wrote the manuscript; GD, LD and FY compiled the datasets and prepared the display items; GD, LD, and FY performed the mapping supervised by XF; XG and CH provided some of the 10 data, and suggestions on some methods; XF, RH and QX acquired project funds and supervised the project; all authors revised and approved the datasets and the manuscript.
Competing interests
The authors declare that they have no competing interests.
Acknowledgements 15
The collection and processing of the data presented in this paper were funded by National Science Fund for Excellent Fan, X., Domènech, G., Scaringi, G., Huang, R., Xu, Q., Hales, T. C., Dai, L., Yang, Q., and Francis, O.: Spatio-temporal evolution of mass wasting after the 2008 Mw 7.9 Wenchuan Earthquake revealed by a detailed multi-temporal inventory, 30 Landslides, doi: 10.1007 Landslides, doi: 10. /s10346-018-1054 Landslides, doi: 10. -5, 2018a 
